Abstract: In this paper, a data-mining approach for modeling pumps in the wastewater preliminary treatment process is discussed. Datamining algorithms are utilized to develop pump performance models based on industrial data collected at a municipal wastewater processing plant. The performance of wastewater pumps is described by two parameters, pump energy consumption and water flow rate after the pumps. Two types of models, dynamic and steady state, are established to predict pump energy consumption and water flow rate. The first type of model is developed based on 5-min data and the second type is built based on 30-min data. The accuracy of the models has been validated.
Introduction
Managing a wastewater processing plant is complex and challenging. Two primary issues, improvement in effluent quality and reduction of energy consumption, are shared by most wastewater processing plants.
Efforts to improve effluent quality in wastewater processing plants usually follow two strategies. One is to upgrade the current sewage sludge treatment process and produce higher quality effluent. The other is to modify or redesign the sludge treatment process to make the process more efficient and sustainable. The literature points to a growing interest in the latter strategy. Englande and Reimers (2001) reviewed current sustainability strategies, priorities, and future directions of waste management. Ødegaard et al. (2002) discussed two primary strategies, use on land and productification, for disposal of wastewater sludge. The design and operation of experiments were presented. Rulkens (2004) surveyed the most relevant sludge treatment options and discussed treatment steps. Future technological developments were also assessed. Yamaguchi et al. (2006) proposed a novel sludge disintegration system to reduce excess sludge production in wastewater treatment plants by chemical and biological treatment. Vashi and Shah (2008) applied a multicriteria participatory method to assess the sustainability of three sewage treatment technologies.
Wastewater treatment processes are energy intensive. Wastewater processing plants consumed nearly 4% of the nation's electricity in moving and treating wastewater in 2002 (Goldstein and Smith 2002) . The same report (Goldstein and Smith 2002) states that pumps use almost 80% of the electricity consumed in the wastewater treatment process. Therefore, saving energy used by the pumps could result in significant savings in the energy consumed by wastewater treatment plants.
The energy consumed by pumps can be reduced by using two approaches. The first is to improve pump efficiency by developing better control strategies for variable-speed pumps. Another approach is to improve pump-scheduling strategies. Accurate pump models are necessary to realize either approach for saving energy. The published literature model pumps uses physics-based and parametric approaches. Barán et al. (2005) and Wang et al. (2009) solved pump-scheduling problems with evolutionary algorithms. The assumption was made that the pumps are at constant speed. Welsby et al. (1988) presented a mathematical model to simulate the steady-state and dynamic-state behavior of a water-towater electric-motor-driven heat pump. Lian et al. (2005) analyzed the energy consumption of a water-loop heat pump system using physics-based and mathematical programming models. Al-Haddad et al. (1996) examined the capability of the pumps in lifting water by a temperature difference using mathematical models.
Although physics-based and mathematical pump models are explicit, numerous assumptions usually make these models rather abstract. In this paper, the emerging science of data mining is applied to develop models for wastewater pumps in the preliminary wastewater treatment process. The modeling capability of data mining has been proven in various applications such as wind energy (Kusiak and Zhang 2010a, b; Kusiak et al. 2010c) ; combustion (Kusiak and Song 2008; Song and Kusiak 2010) ; and heating, ventilation, and air conditioning systems (Kusiak et al. 2010a, b) . In addition, the literature reports other successful applications of data mining in manufacturing, marketing, and medical informatics (Harding et al. 2006; Berry and Linoff 2004; Shah et al. 2006) .
The data utilized in this paper were collected at a municipal wastewater processing plant. Data-mining algorithms were applied to analyze the data and develop data-driven models for pumps in the wastewater preliminary treatment process. The raw data were transformed into two sampling intervals, 5 min and 30 min, suitable 1 for model development. The models developed based on the 5-min data reflect the dynamic states of wastewater pumps. Models established based on the 30-min data describe the steady-state of wastewater pumps.
Problem Specification and Data Description
Wastewater treatment is a complex multiphase flow process. This study focuses on analyzing pumps in the preliminary process of wastewater. The wastewater preliminary treatment process involves the following four critical areas: raw wastewater junction chamber, bar screens, raw wastewater pumps, and the aerated grit clarifier. Fig. 1 depicts the wastewater preliminary treatment process. The process of piping wastewater from the raw wastewater junction chamber to the aerated grit chamber is generally performed in the following four steps:
1. Influent flows into the raw wastewater junction chamber, 2. The bar screen filters solids contained in the influent, 3. The filtered wastewater flows toward the pumps, and 4. Pumps lift filtered wastewater to the aerated grit chamber. In this paper, six identical 55 MGD-class variable-speed pumps are included in the wastewater preliminary treatment process. These pumps consume a significant amount of energy. Therefore, any improvements in control of pumps or scheduling of pump operations can lead to energy savings in the wastewater treatment plant. To improve pump operations and scheduling, accurate models of pump performance are needed. Although a pump is an intuitively simple device, developing accurate pump performance models is challenging. In this research, data mining is applied to model pumps used in the wastewater preliminary treatment process.
In the wastewater plant considered in this research, all process data are measured by sensors installed in the plant and stored in a SQL server. Data for more than 1,400 parameters are collected at the plant. Four of these parameters, junction chamber level, energy consumed by pumps, pump speed, and flow rate of wastewater to the aerated grit chamber, are related to the raw wastewater preliminary treatment process and, therefore, were selected to model the pumps. Two of the four parameters, the energy consumed by the pumps and the water flow rate, quantify pump performance. Therefore, two models, an energy model and a water flow rate model, were developed to determine the performance of the pumps. Two parameters, the pump speed and the junction chamber level, were utilized in these models. Aside from the pump speed and the junction chamber level, the values of all four parameters at time t À T were used to predict the energy consumed by the pump or water flow rate at time t where T is the sampling interval. The values of all parameters at time t À T were derived from their values at time t.
The data utilized in this study were collected from July 20, 2010, 10:13:38 a.m. to September 11, 2010, 11:56:29 p. m. The raw industrial data, including the data used in this research, are usually not suitable for analysis for two primary reasons. First, the parameters have different sampling frequencies. Second, the data are arranged by time, and therefore must be split by scenarios for further analysis. The primary challenge is the inconsistency of the data sampling frequency. The water flow rate is sampled at 15-s intervals. The junction chamber level is measured at 1-min intervals. The sampling intervals of the pump-consumed energy and the pump speed are both 5 min. To make the sampling frequency consistent, the water flow rate and the level of junction chamber data are averaged over 5-min-long intervals.
In the wastewater preliminary treatment process, the pumps operate in parallel. However, a pump working in parallel consumes more energy than the energy it uses when operated individually. This is a well-known phenomenon known as head influence, which has been investigated in the literature (Barán et al. 2005 ; Wang et al. ). Thus, in this study, the energy model and the water flow rate models need to be developed in separate pump operational scenarios, such as one pump operating, two pumps operating, and so on. In this case, the preprocessed 5-min data need to be further partitioned according to the scenarios shown in Fig. 2 . Because the scenario where all six pumps are operating does not exist in the data set, the five available scenarios exhibited by Fig. 2 are considered.
In Fig. 2 , the entire data set is first separated based on pumpoperation scenarios and then the data of each scenario are split into two sets, the training set and the test set. The training data are utilized to develop models by data-mining algorithms and the test data set is applied to validate the accuracy and robustness of the developed models. Table 1 describes the data of the five scenarios.
One benefit of a data-driven approach is that an application of interest can be matched with data sampled in an appropriate interval. For example, the 5-min pump data exhibit dynamics of the pumps. Fig. 3 shows a scatter plot of the relationship between the pump speed and the pump-consumed energy of a single pump. Although a significant linearity is visible in Fig. 3 , the nonlinearity can also be observed in the 5-min data. The data-driven models developed based on the 5-min pump data allow study of pump controls. To establish models applicable to pump scheduling, the 5-min data are averaged over 30-min intervals to reflect the static-state operations of the pumps.
In transforming the 5-min data into 30-min data, the following rule was followed: the 5-to 30-min data transformation is performed if and only if the 5-min data reflects data from pumps operating continuously for at least 60 min.
This rule ensures that a parameter at t À T can be derived from the 30-min data, where the sampling interval, T, is 30 min. Table 2 describes the 30-min data for Scenario 2 to Scenario 4. Scenario 1 is excluded in Table 2 because the number of data points in Scenario 1 after data transformation from 5 min to 30 min is not sufficient for data analysis.
Modeling Dynamic States of Wastewater Pumps
In this section, the 5-min pump data described in Table 1 are utilized to develop two models, the pump energy model and water flow rate model. The 5-min data reflect the dynamic states of wastewater pumps. Seven data-mining algorithms, neural network (NN) (Siegelmann and Sontag 1994; Liu 2001; Smith 1993) , neural network ensemble (NNE) (Hansen and Salamon 1990) , boosting tree regression (BT) (Friedman 2002; Friedman 2001) , random forest regression (RF) (Breiman 2001) , support vector machine (SVM) (Schölkopf et al. 1999; Steinwart and Christmann 2008) , classification and regression tree (CART) (Breiman et al. 1984) , and the k nearest neighbor (kNN) algorithm (Shakhnarovish et al. 2005) are applied toward development of data-driven models. In training NN and NNE models, five activation functions, identity, logistic, hyperbolic tangent, exponential, and sine are utilized. To produce high-performance NN or NNE models, 20 neural networks are generated in the training process. In running SVM, the kernel function is set as the radial basis function (RBF). To implement kNN, the value of k is set to 3.
The selection of parameters and the formulation of data-driven models are presented next.
Parameter Selection and Model Formulation
In the parameter-selection step of data analysis, the significance of parameters needed to develop data-driven models is evaluated. This reduces problem complexity and improves model quality by filtering meaningless parameters. Various algorithms (Friedman 2002; Witten and Frank 2005; Kohavi and John 1997) for parameter selections have been considered. In this research, the BT algorithm (Friedman 2002 ) is applied to perform parameter selection using the initial set of parameters suggested previously.
Tables 3-7 present the parameters selected for building the pump energy model and the water flow rate model for five scenarios. A threshold of 30 is utilized to filter meaningless parameters. Table 3 suggests that in Scenario 1, all parameters used to build the pump energy model and the water flow rate model are important. Table 4 presents the parameters selected for Scenario 2. As shown in Table 4 , the importance of the chamber level at time t is 25 and, therefore, it is not used to develop the water flow rate model. The results of parameter selection reported in Tables 5 and 6 indicate that all parameters are necessary to build the pump energy and the water flow rate models in Scenarios 3 and 4. Table 7 illustrates the parameter selection for extracting models for Scenario 5. As shown in Table 7 , the importance index of two parameters, the pump speed at time t À T and the chamber level at t À T is less than 30. Thus, these two parameters are not used to develop the pump energy model.
Based on the results of parameter selection presented in Tables 3-7, the models of pump energy in Scenario 1 to Scenario 5 are expressed in Eqs. (1)- (5): All parameters used in developing these models are defined in Tables 3-7 .
Computational Results
In this section, comparative analysis is performed of pump energy and water flow rate models developed by seven different data-mining algorithms. Four metrics, the mean absolute error (MAE), standard deviation of absolute error (SDofAE), mean absolute percentage error (MAPE), and the standard deviation of absolute percentage error (SDofAPE) are applied to evaluate the performance of the data-driven models:
whereŷ = predicted value by a model; y = observed value; and n = total number of data points in training or the test data set.
The data set described in Table 1 is used to develop the previously described models. Tables 8-12 illustrate test results of models for prediction of pump energy in Scenario 1 to Scenario 5, respectively. In modeling the pump energy of Scenario 1, the models derived by all seven algorithms exhibit impressive performance in predicting energy consumed by a single pump. The values of the prediction errors [metrics Eqs. (11)- (14)] are presented in Table 8 . Although the performance of all models is similar, the models trained by NN and SVM provide more accurate predictions. NN offers the lowest prediction error and SVM provides the lowest standard deviation of prediction error. Therefore, NN and SVM are both considered more feasible algorithms to build a pump energy model. Table 9 shows the test results of all models predicting pump consumed energy in Scenario 2. As shown in Table 9 , the model developed by NNE outperforms other algorithms because it provides the lowest values on four metrics. NNE is then considered for development of the pump energy model for Scenario 2. In Scenario 3, NNE is also considered as the best algorithm among all seven algorithms to establish a pump energy model (Table 10) . Table 11 addresses the performance of models for predicting pump energy in Scenario 4. As illustrated in Table 11 , SVM is considered the most suitable algorithm because it provides the most accurate prediction results, 98% accurate. The prediction results of SVM are also most stable because the SDofAPE is 0.02.
In Scenario 5, NNE provides the most accurate and stable prediction results. As shown in Table 12 , the prediction accuracy is 99% and the SDofAPE is approximately 0.01.
Figs. 4-6 demonstrate the performance of the selected NNE model predicting pump consumed energy for Scenarios 2, 3, and 5, respectively. As shown in Figs. 4-6 , the capability and feasibility of modeling pump dynamics and accurately predicting the pump consumed energy has been validated. The performance of models for water flow rate in Scenario 1 to Scenario 5 are in Tables 13-17. Table 13 presents test results predicting the water flow rate for Scenario 1. The NN and NNE models perform best. The NN model produces the lowest prediction error, which is 0.01. The prediction accuracy of the NNE model is slightly inferior to the NN model. However, the former provides a lower SDofAPE than the NN model, which indicates that the NNE model offers more stable predictions at a slightly lower accuracy.
The water flow rate prediction results of different models for Scenario 2 are summarized in Table 14 . As shown in Table 14 , the kNN model outperforms other models and, thus, it is considered the more suitable model for predicting the water flow rate for Scenario 2. Table 15 illustrates the test results of the water flow rate prediction for Scenario 3. The prediction accuracy of the NN and NNE model is above 99% and the SDofAPE values of the two models are almost zero. However, because the NNE model performs slightly better than the NN model (Table 15) , the NNE algorithm is considered for development of the water flow rate model for Scenario 3. Table 16 compares models predicting the water flow rate for Scenario 4. The CART model provides the lowest MAPE, whereas the kNN model provides the lowest SDofAPE. Because neither of the two models dominates the other in terms of performance, the CART and kNN models are considered for development of the water flow rate model for Scenario 4.
Prediction performance of the water flow rate model for Scenario 5 is presented in Table 17 . The NNE algorithm is selected for the prediction of water flow rate for Scenario 5. Fig. 7 presents the performance of the kNN model for predicting the water flow rate for Scenario 2. Figs. 8 and 9 illustrate the performance of the NNE models for predicting the water flow rate for Scenario 3 and Scenario 5. As shown in these two figures, the predicted water flow rate can accurately track the pattern of the observed water flow rate.
Based on the results addressed in Tables 8-17 and shown in Figs. 4-7, data-mining algorithms exhibit an advantage in developing an accurate pump energy model and water flow rate model based on 5-min data. The accuracy for predicting the energy consumed by pumps and water flow rate of selected data-driven models is commonly higher than 96%. In some scenarios, the accuracies are even higher, more than 99%. These models prove that they can accurately capture the dynamic states of pumps in various scenarios. 
Modeling Steady States of Wastewater Pumps
In this section, the derived 30-min data discussed previously and scenarios presented in Table 2 are used for developing data-driven models for predicting the energy consumed by pumps and the water flow rate. Data-driven models developed and based on 30-min data can accurately depict the steady-states of wastewater pumps and can be employed for the pump-scheduling problem. The same datamining algorithms used previously are applied in establishing the pump energy model and the water flow rate model based on 30-min data.
Parameter Selection and Model Formulation
To select appropriate parameters beneficial to developing the pump energy model and water flow rate model, the parameters discussed previously from Scenarios 2 to 5 are also utilized in parameter selection. Importance analysis discussed previously is also applied to implement the parameter-selection. Based on the results of the importance analysis, all parameters are considered to be important, except for two parameters, chamber level at t and t À T s , for developing both the pump energy and water flow rate models for Scenario 2. T s presents the data-sampling interval, which is 30 min. The formulation for the data-driven pump energy model from Scenarios 2-5 developed and based on 30 min is expressed in E 2;t ¼ f ðE 2;tÀT s ; PS 1;t ; PS 1;tÀT s ; PS 2;t ; PS 2;tÀT s Þ ð15Þ where the notation is the same as Eqs. (1)- (5). The models for predicting water flow rate from Scenarios 2-5 are presented in where the notation is the same as for Eqs. (1)- (5).
Computational Results
The data-mining algorithms discussed previously are also employed in this section to develop the pump energy model and the water flow rate model. Tables 18-21 present the performance of models developed by data-mining algorithms in all four scenarios (Scenarios 2-5) based on 30-min data. Table 18 addresses the results for predicting energy consumed by pumps for Scenario 2 based on data-driven models. Models developed by NN and NNE provided more accurate prediction results than other models. The MAE and MAPE of the NN models are slightly lower than the NNE model. However, the NNE model offers a more stable prediction performance because its SDofAE and SDofAPE are lower. The two algorithms can develop qualified pump energy prediction models for Scenario 2. Table 19 illustrates the prediction performance of models for Scenario 3. The values of the four metrics with NNE indicate that NNE outperforms the other algorithms in developing a pump energy model for Scenario 3.
Test results for predicting pump energy for Scenario 4 are discussed in Table 20 . The model developed with the NNE algorithm offers the lowest MAE and MAPE. As shown in Table 20 , although the NN model provides the lowest SDofAE and SDofAPE, the SDofAPE of NNE and SDofAPE of NN have no significant difference. Thus, the NNE algorithm is chosen as the more effective algorithm for developing a pump energy model for Scenario 4.
Aside from Scenarios 3 and 4, performance of the NNE algorithm in Scenario 5 is also impressive. As presented in Table 21 , the performance of the NNE algorithm dominates the performance of the other algorithms, and therefore, it is selected for building a datadriven model for Scenario 5. Tables 22-25 illustrate the water flow rate prediction results of data-driven models from Scenarios 2-4 based on 30-min data. As shown in Table 22 , the NN algorithm provides the lowest values for the four metrics and, therefore, it is selected for developing a water flow rate model for Scenario 2. Tables 23-25 illustrate performance of the NNE algorithm to predict the water flow rate for Scenario 3 through Scenario 5. The NNE algorithm was considered the best algorithm to construct water flow rate models for Scenarios 3, 4, and 5.
The performance of data-mining algorithms in predicting pump energy and water flow rate is summarized in Tables 18-25 . The NN and NNE algorithms perform better than the other algorithms in developing models representing steady-states of the pumps. The NN algorithm performs best in Scenario 2, whereas models trained by the NNE algorithm outperform other algorithms in Scenarios 2-5.
Conclusion
In this paper, a framework for modeling variable-speed pumps in a wastewater preliminary treatment process was introduced. The performance of pumps was described by two parameters, the energy consumed by pumps and the water flow rate after pumping. Accurate pump models lead to a precise prediction of pump-consumed energy and water flow rate. The models presented in this paper were developed with data-mining algorithms. The data used in this research were collected at a large municipal wastewater processing plant. The raw industrial data were preprocessed into usable data sets. A BT algorithm was applied to the preprocessed data to extract parameters for model development.
The analysis for modeling pumps was twofold. First, 5-min data were utilized to develop data-driven models depicting wastewater pump dynamic states. Second, wastewater pump steady-state models were developed based on 30-min data. Five pump operational scenarios were introduced and a thorough computational analysis of each scenario was performed. The NN and NNE algorithms provided the most accurate models in modeling pumps based on 30-min data.
The models developed in this paper offer benefits for wastewater processing plant management. The models extracted from 5-min data are useful for dynamic optimization of pump performance. The models developed based on 30-min data are applicable to pump scheduling. The research goal of modeling pumps based on data was accomplished.
